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Abstract 
Lognormal ordinary cokriging (LnOCK) with auxiliary variables can sometimes improve estimates for a less densely 
sampled primary variable. The objective of this study was to compare lognormal ordinary cokriging (LnOCK) with 
lognormal ordinary kriging (LnOK) and lognormal inverse distance weighting (LnIDW) for the spatial prediction of 
NO3-N in drinking water using pH as an auxiliary variable in LnOCK. We collected 345 drinking water samples from 
all villages in the Bijar and Qorveh Plains of western Iran and analyzed them for NO3-N and pH. The NO3-N 
concentration exceeded the US Environmental Protection Agency maximum contaminant level (EPA-MCL) guide 
value of 10 mg l-1 NO3-N in more than 89% of the samples. The distribution of NO3-N was highly skewed. In terms
of mean error (ME) and root mean squared error (RMSE) LnIDW performed much better than LnOK for NO3-N. 
However, LnIDW was consistently less effective than LnOCK using pH as auxiliary variable.
© 2010 Published by Elsevier Ltd. 
Selection and/or peer-review under responsibility of Spatial Statistics 2011. 
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1. Introduction
Nitrate contamination of groundwater recently emerged as a globally growing environmental problem 
due to the increasing demands of groundwater for drinking and agricultural purposes [1]. Elevated nitrate 
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levels in surface water and ground water (drinking water) can lead to numerous concerns [2]. As such, the 
US Environmental Protection Agency (US EPA) has established a maximum contaminant level (MCL) of 
10 mg l-1 NO3-N (50 mg l
-1 NO3) [3]. Major sources of nitrate in the environment, and subsequent 
contamination of natural waters, include the use of nitrogen-based fertilizers, animal and human wastes 
[4]. Agricultural activity is believed to be the most significant anthropogenic influence on ground water 
quality, and the occurrence of elevated nitrate concentrations is considered to be one of the greatest 
challenges to the protection of drinking water quality [5]. Geostatistical analysis has been useful to 
determine the variability of soil and water variables in space and time [6,7,8]. In recent years, the 
application of nitrogen fertilizer has been increased in order to obtaining higher crop yield in the Bijar and 
Qorveh Plain areas, in Kurdistan province, western Iran, where groundwater has been used for 
agricultural irrigation since decades. We hypothesized that the OCK method with auxiliary data (i.e. pH 
in this study) was more appropriate than the OK and IDW methods to assess the distribution of NO3-N 
pollution in drinking water in this area. In this study pH was selected as auxiliary data for two reasons. 
The distributions of NO3-N and pH were similar in the studied area. Also there are good correlation 
between NO3-N and pH. This study was conducted to (I) assess the distribution of nitrate concentrations 
in the drinking water of the Bijar and Qorveh plains using three interpolation methods (i.e. IDW, OK, and 
OCK), and (II) compare these performances in producing maps. The information would be useful for 
development of management strategies for contaminated drinking water. 
2. Study area and sampling design  
In total, we collected 345 drinking water samples from all villages of the Bijar and Qorveh Plains in 
the western Iranian province of Kurdistan (3870000-3990000N, 695000-775000E, UTM, Zone 38), using 
in an irregular sampling scheme (Fig. 1). Sampling site geo-positions (latitude and longitude) were 
determined using a Garmin global positioning system. The study area (120 km N × 80 km E = 9600 km2) 
had an average evaluation of 2150 m. The mean annual rainfall was more than 300 mm, and the average 
temperature was 13oC. The samples were kept in refrigerator at < 4oC and analyzed for NO3-N 
concentrations and pH. The software GS+ was used for geostatistical analysis and mapping of data. 
 
Fig.1. Location of sampling points and measured NO3-N concentrations and pH values in the study area. 
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In this study, the dataset was divided into two subsets: a prediction subset with 276 points for model 
fitting and a validation subset with 69 points for interpolation method testing [9, 10]. (Cross) 
semivariograms were computed separately for the main directions. Four (Cross) semivariogram models 
were applied to fit the experimental (Cross) semivariograms, i.e. the exponential, spherical, Gaussian and 
linear-to-sill models. Cross-validation was used to validate the performance of the fitted models, using 
correlation coefficients (r2) and residual sum of squares (RSS) as criteria. The fitted (cross) 
semivariograms were then employed to predict the concentrations of nitrate at unsampled locations by 
means of LnOK and LnOCK. The results were then compared to predictions obtained by lognormal 
inverse distance weighing (LnIDW) interpolation. Finally, the interpolated values were back-transformed 
to generate maps of the untransformed nitrate concentration. For the statistical comparison of the different 
interpolation methods, we used the validation subset of samples data (69 points) and the following 
parameters: mean error (ME) and root mean squared error (RMSE) as defined by Robinson and 
Metternicht (2006)  
3.  Results 
Table 1 shows that the nitrate concentrations and pH values were skewed thus the data were log-
transformed and the subsequent geostatistical analyses were performed on the natural logarithms of the 
nitrate concentration of the drinking water samples. The respective interpolation methods we 
subsequently called lognormal ordinary kriging (LnOK), lognormal cokriging (LnOCK), and lognormal 
inverse distance weighting (LnIDW). The applied logarithmic transformations reduced the skewness and 
kurtosis data from 1.77 to -0.77 and 6.32 to 1.89, respectively for NO3-N concentrations (Table 1). 
Table 1 Statistics for the NO3-N concentrations data (mg l
-1) and pH values. 
Samples property Type of distribution N a Mean Min.b Max.c CV(%) d Skewness Kurtosis 
Nitrate (mg L-1) Normal 345 24.79 1.0 117.0 59.7 1.77 6.32 
Nitrate (mg L-1) Lognormal 345 3.05 0.0 4.76 1.99 -0.77 1.89 
Acidity (pH) Normal 345 7.76 6.62 8.85 5.6 -0.26 -0.73 
a N = number of samples,  b Min. = minimum value, c Max. = maximum value, d CV= Coefficient of Variance. 
The measured nitrate concentrations ranged between 0.5 and 117 mg l-1. The highest nitrate 
concentration (117 mg l-1) was measured in Shorab-E-Hezare, a village in the eastern part of the study 
region. In more than 89% of the samples the nitrate concentrations exceeded the EPA-MCL of 10 mg l-1. 
The measured pH values ranged between 6.62 to 8.85. Highest pH value (8.85) was measured in Shorabe-
E-Hezare village in the eastern part of region. The skewness and kurtosis of pH values were. -0.26 and -
0.73, respectively. According to cross-validation, the exponential model provided the best fit to the 
experimental semivariograms for lognormal NO3-N concentrations and pH values and spherical 
crossvariogram for lognormal NO3-N concentrations with auxiliary pH values, i.e. the fits with the lowest 
RSS and the highest r2 values (Table 2). Nugget, sill and range of fitted spherical model were -0.004, -
0.043 and 66200 m, respectively for isotropic cross semivariogram for lognormal NO3-N concentrations 
with pH values as auxiliary data (Table 2 and Fig. 2). The (Ln)IDW interpolation method does not need 
(cross) semivariogram. Statistical measures for interpolation methods using subset validation (20% data) 
were tabulated in Table 3. For all interpolation methods, the lowest RMSE was obtained using 16 nearest 
neighbors. (Ln)IDW was estimated with powers of one, two, three and four. The best power of (Ln) IDW 
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was one for estimation. Statistical indices for LnOCK were better than LnIDW and LnOK methods and 
reduce to -0.037 and 0.049 for ME and RMSE, respectively for NO3-N concentrations. In terms of mean 
error (ME) and root mean squared error (RMSE) LnIDW performed much better than LnOK for NO3-N. 
However, LnIDW was consistently less effective than LnOCK using pH as auxiliary variable. The order 
of interpolation methods for Nitrate estimation were LnOCK> LnIDW> LnOK respectively. But, for pH 
statistical indices for OK were better than IDW method and reduce to 0.009 and 0.003 for ME and 
RMSE, respectively. 
Table 2 Parameters of the models fitted to the sample crossvariograms.  
Samples property Nugget Sill Range Proportion r2(a) RSS b 
Spherical -0.004 -0.043 66200 0.896 0.597 9.07 E-04 
Exponential -0.000 -0.044 25100 0.998 0.516 1.09 E-03 
Linear to sill -0.018 -0.078 200400 0.759 0.322 1.52 E-03 
Isotropic Cross variogram 
Gaussian -0.009 -0.043 32500 0.771 0.587 9.29 E-04 
a r2: regression coefficient, b RSS: Residual Sums of Squares. 
 
Fig. 2. Experimental isotropic cross-semivariograms for lognormal NO3-N concentration with pH values with fitted spherical model.  
Table 3 Statistical measures for interpolation methods. 
Nitrate estimation methods pH estimation methods Statistical 
Parameters. LnOK a LnIDW b LnOCK c OK d IDW e 
ME f 0.505 -0.42 -0.037 0.009 0.021 
RMSE g 8.64 6.32 0.049 0.003 0.152 
aLnOK: lognormal ordinary kriging, bLnIDW: lognormal inverse distance weighting, cLnOCK: lognormal ordinary cokriging, dOK: 
ordinary kriging, eIDW: inverse distance weighting, fME: mean error, gRMSE: root mean square error. 
 
The distribution maps, generated by the selected (cross)semivariograms model and OK method for 
kriging method and IDW showed that NO3-N concentration and pH in drinking water tended to increase 
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from west to east and north to south across the region, respectively (Fig. 3). High NO3-N concentrations 
were mainly located in the Bijar and Qorveh Plains (Fig. 3) where the maximum NO3-N value (117 mg l-
1) was determined. In this area, a considerable quantity of N fertilizers was drained into the surrounding 
lands, which resulted in high NO3-N concentrations in drinking water. There is a river (Shorab River) 
flowing across the Bijar and Qorveh Plains. The river water has been contaminated by NO3-N, originated 
mainly from leached NO3-N of nearby farms. 
 
      
 
Fig. 3. Predicted NO3-N (mg l
-1) values distribution maps in Bijar and Qorveh plains using lognormal ordinary kriging (left), 
lognormal inverse distance weighting (center) and using lognormal cokriging with pH as auxiliary data (right). 
4.  Discussion and Conclusions 
The NO3-N concentration exceeded the EPA-MCL guide value of 10 mg l
-1 NO3-N in more than 89% 
of the drinking water samples of Bijar and Qorveh plains in western Iran. The distribution of NO3-N was 
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highly skewed. In terms of mean error (ME) and root mean squared error (RMSE) LnIDW performed 
much better than LnOK for NO3-N alone. However, LnIDW was consistently less effective than LnOCK 
using pH as auxiliary variable. The order of interpolation methods for nitrate estimation were LnOCK > 
LnIDW > LnOK respectively. The distribute map generated using the LnOCK method showed that NO3-
N concentrations tended to increase from the east to north across and part of south the area. The high 
NO3-N concentrations in the drinking water can originated from transported NO3-N (by leaching and 
runoff) from over-fertilized cultivated areas to water resources. It is suggested that suitable agricultural 
management practices such as water-saving irrigation and split application of N fertilizer should be 
adopted to protect the groundwater quality from NO3-N contamination. Also future researches shall be 
focused on NO3-N remediation methods to clean up the drinking waters. 
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